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Data visualization is a tool used to represent the vast amount of information 
created each day. Although current literature about data visualization illustrates many 
ways to visualize data, only a few methods are used on a recurring basis. Common 
visualizations like bar charts, pie charts, and scatter plots are seen across the internet in 
news articles, scholarly works, and scientific papers. These methods, although prevalent 
and easy to produce, are not always created with the viewer in mind. They can be too 
complex, over-simplified, or misrepresent the data. This research aims to measure 
whether a human-centered approach to designing data visualizations could portray the 
information more effectively, and allow the user to understand the argument the data 
presents. More specifically, this study will measure whether a human-centered approach 
to visualizing COVID-19 case data will more effectively change behavior intentions 
with regards to social-distancing. Results of this research reflect that the human-
centered approach did not produce higher rates of comprehension, visual appeal, or 
willingness to change behavior, and suggests that a more distinct and interactive method 
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Chapter 1: Introduction 
1.1 Motivation for this Research 
Data is the most abundant resource on earth. Everything we touch, hear, see, and 
breathe is information. In fact, we create about 2.5 exabytes of data online every day: 
500 million tweets, 5 billion internet searches, and 294 billion emails are sent daily 
(Desjardins, 2019). With so much data accessible on the internet, it is critical that we 
analyze how this information is presented, and how it is perceived. Now in the face of a 
global pandemic, articles, images, and videos of the Coronavirus’s development have 
spread across the world. Anxious people are seeking answers, but some of the 
visualizations in these publications misrepresent the data. Or worse, the data lack 
sufficient scientific support to be correct. In order for us to stop the spread of this virus, 
the public needs to understand the urgency and reasoning behind wearing a mask and 
practicing social-distancing. Understandable, unambiguous graphics are critical in order 
for the public to understand these ideas.     
In April 2020, I left my job as a Resident Assistant in Eugene to fly home to 
Honolulu, Hawaii due to a pandemic-induced domestic travel ban placed on military 
dependents. At this time, very few people were wearing masks, socially-distancing, or 
practicing precautions that would signal an understanding of the seriousness of the 
virus. I wore two face masks and a shield to protect myself on the plane, but received 
many negative stares as I walked through the airport. Just before taking off, my dad sent 




Distancing Is So Important” (Parshina-Kottas et al., 2020). This article features a 
visualization of how water droplets spread around an open room after a person sneezes.  
 
Figure 1.10 
Image showing the progression of a person’s sneeze from three feet, six feet, and 
farther (Parshina-Kottas et al., 2020).  
After looking at this graphic, I understood how the virus spreads, and was 
reminded how important it is to wear a mask to protect others. Although I had read 
articles about which protocols I should follow, this visualization made it clear why I 
need to be social distancing and masking. I found it easy to connect with this type of 
interactive visual, and see the science and data in a more comprehensible format. This is 




effective charts could motivate people to behave a certain way. I wondered: what if a 
chart representing COVID-19 data could compel someone to socially-distance? This is 
where I began my research and the development of this project.  
1.2 Research Questions 
In order to measure if data visualizations are truly compelling, I had to ask questions 
surrounding the approach to creating those visuals. I wanted to know how visualizations 
are created, what current literature proposes about these methods, and how to improve 
upon that methodology to make more effective data visualizations. The first step in the 
research process was to conduct a literature review. The review was motivated by a few 
important questions: Why use a human-centered design approach to creating 
visualizations? Can visualizations be clear, and convincing enough to change people’s 
behavior after looking at them? What is the best way to present visualizations of data 
for maximum human-understanding? Addressing these questions in my literature 
review narrowed my focus for what I wanted answered in my study.  
I determined that there were questions to be answered about the effectiveness of 
data visualization methods, and areas of public health and data science where I could 
contribute this research. My study addressed: Which method of visualizing COVID-19 
case data will result in the highest number of responses showing a willingness to 
continue social-distancing and mask-wearing behavior, or change their behavior if not 
doing so? Once I completed secondary research and formulated my research questions, 





My hypothesis is that participants who view COVID-19 case data visualizations 
designed with a human-centered approach will show the highest rate of changing their 
current social distancing and mask-wearing behavior. Additionally, I predict that 
human-centered visualizations will be preferred among participants, and be understood 
more clearly than my default charts.   
1.4 Outline of Thesis 
I start by giving context to current methods in data visualization, human-
centered design, and how data visualization affects public health. My literature review 
contains the default practices for designing visualizations, and an argument for why 
human-centered design is critical to creating effective visualizations. I will then provide 
my research methodology in finding the data sets, generating the visualizations, 
designing the survey, recruiting participants, and analyzing the data. Then I will share 
the findings of this study based on several key participant demographics, followed by a 
discussion of the results and future work in this research.  




Chapter 2: Literature Review 
I start this chapter by introducing significant applications of data visualization, the 
motivation behind portraying data as comprehensible graphics, and then I explore 
current methods for producing visualizations. I will make an argument for why data 
visualizations need to be created with human-comprehension at the forefront of design. 
Furthermore, I will explain why compelling visualizations are so critical to public 
health.  
2.1 What is Data Visualization, and Why Do It? 
Tamara Munzner, an expert in information visualization and author of Visualization 
Analysis & Design, defines computer-based visualizations as models that provide visual 
representations of datasets designed to help people carry out tasks more effectively 
(Munzner, 2015). To be more concise, data visualization is modeling large amounts of 
data in a visual representation. Munzner argues that visualization is most necessary 
when one desires to enhance human capabilities rather than replace them with 
computation (Munzner, 2015). This means that visualizations should help people 
understand complex ideas without having to understand the computational analysis 
behind it.   
There are many areas of research that benefit from human analysis of data 
visualizations. Economists, physicians, policy makers, geologists, mathematicians, 
historians, musicians, and many other industry professionals and creatives alike utilize 
data modeling. The website visualcapitalist.com features many applications of data 
visualization across technology, money, energy, healthcare, and more. One recent post 





























Figure 2.10  





Another notable visual, shown in figure 2.11, portrays the most popular subscription-



















“Which Streaming Service Has the Most Subscriptions” by Omri Wallach (2021). 
because they represent a large amount of information in one static image, while 




They draw the user’s attention and represent a large amount of information in one 
graphic. Visualizations like the ones shown in these figures are effective because they 
follow a set of important guidelines.     
The goal of effective data visualization is to present comprehensive depictions 
of data that help a user understand the information without having to view a raw data 
file or read long strings of text. Edward Tufte, one of the creators of human-centered 
visualization methods, writes in The Visual Display of Quantitative Information that 
“Often the most effective way to describe, explore, and summarize a set of numbers—
even a very large set—is to look at pictures of those numbers. . . of all methods for 
analyzing and communicating statistical information, well-designed data graphics are 
usually the simplest and at the same time the most powerful” (Tufte, 1985). Tufte 
makes the argument that it is often most effective to describe a data set with a visual 
representation; however, it is critical that these models meet his set of requirements to 
be high quality visualizations.  
Tufte argues that visualizations satisfying graphical excellence will induce the 
viewer to think about the data rather than the design, avoid distorting what the data 
says, present many numbers in a small space, make large data sets coherent, encourage 
the eye to compare information, serve a purpose, and be closely integrated with the 
statistical description of the data set (1985). Many statistics, psychology, and design 
articles refer to these guidelines to support the quality of their visualizations (Venables 
& Ripley, 2001; Kress & Theo Van Leeuwen, 1996; Mayer, 2002). Unfortunately, it is 




the resulting visualizations are difficult to understand. This goes against the motivation 
for producing visualizations, and works against the user trying to understand them.  
Producing visualizations is not an easy task. There is a long process of finding 
the information, compiling and cleaning the data sets, using the right software and tools 
to create the visuals, and designing a graphic that will portray the information 
accurately, succinctly, and in a way that the viewers will understand it. Therefore, it is 
wasteful to produce imperceptive visualizations that do not appeal to the audience. 
Based on the default graphics offered in Excel, I assumed that these types of 
visualizations would fall into a default design category.  
2.2 Common Mistakes in the Default Design Process to Visualize Data 
In order to describe the default methods of generating data visualizations, I must 
contrast the guidelines that Tufte recommends in section 2.1, and illustrate common 
faults in the design process that produce ineffective visuals. 
Visualizations created without a methodological approach, and that therefore do 
not meet Tufte’s guidelines, are how I defined a default data visualization. I defined the 
default approach this way because it is the inverse of a human-centered design. 
Visualizations that follow Tufte’s principles are inherently human-centered because 
they incorporate the science of human perception and comprehension. If the designer 
wants to meet the goal of producing an effective graphic, then they need to think about 
the user viewing their design. Often the default approach does not include intentional 
thought about human perception, which will result in an ineffective visualization.  
There are some famous examples of confusing and unnecessary visualizations 




see causes of untimely death in regards to their annual change from 2005 to 2010. 
Although Bill Gates voted this the best graph of the year in 2013 (Wonkborg), it has 
been criticized by data visualists and designers alike. There are a few reasons this chart 
is problematic. While it is eye-catching, the use of a three-dimensional block is 
unnecessary and can lead to confusion. This goes against Tufte’s outlines for graphics 
of making large data sets coherent, and doesn’t encourage the eye to compare different 













Bill Gates’s graph of the year in 2013 (Wonkborg, 2013). 
2.3 An Argument for a Human-Centered Approach 
A common saying in the U.S. Air Force is “Perception is reality.” My dad, an Air 




expression reflects the focus necessary for American servicemen to work towards a 
common mission, it accurately represents how we can measure the effectiveness of data 
visualizations. If the person viewing the chart misunderstands the data being displayed, 
then the chart is ineffective. The viewer’s perception of the chart determines their 
comprehension of the data being portrayed. This is why a human-centered design is so 
critical to ensuring understanding of the important information being illustrated in these 
visualizations.  
2.4 Current Methods in Human-Centered Design 
Two increasingly influential leaders in the human-centered design of data visualizations 
are Edward Tufte and Tamara Munzner. Each of them provides a set of guidelines that 
have motivated my design of the human-centered visualizations, and dispute the errors 
of the default visualization.  
 Edward Tufte is a Professor Emeritus of Statistics and Computer Science at Yale 
University, and has been said to be “The Leonardo da Vinci of data” by the New York 
Times (Tufte, 1985). He proposed a set of guidelines for graphical excellence. He 
defined excellence in graphics to include displays that show the data, induce the viewer 
to think about the substance rather than design of the visualization, avoid distorting 
what the data says, present many numbers in a small amount of space, make large data 
sets coherent, encourage the eye to compare different pieces of data, highlights the data 
at several levels of detail, serve a clear purpose, and are closely integrated with the 
descriptions of the data set (Tufte, 1985). While it is difficult to maintain all of these 





 Tamara Munzner is a Professor of Computer Science at the University of British 
Columbia, and is an expert in information visualization. Munzner outlines the “Rules of 
Thumb” that guide the generation of effective visualizations. She asserts that these rules 
of thumb are meant to characterize which idioms are appropriate for tasks in data 
visualization design (Munzner, 2015). These guidelines are as follows: No Unjustified 
3D; No Unjustified 2D; Eyes Beat Memory; Resolution over Immersion; Overview 
First, Zoom and Filter, Detail on Demand; Responsiveness is Required; Get It Right in 
Black and White; and Function First, Form Next (Munzner, 2015). I will highlight an 
important characteristic of these guidelines that have influenced my human-centered 
design methodology.  
 Munzner argues in her section about No Unjustified 3D that designers should 
carefully avoid tilted text due to its illegibility to most readers. She writes, “text fonts 
have been very carefully designed for maximum legibility when rendered on the grid of 
pixels that makes up a 2D display. . . As soon as a text label is tilted in any way off of 
the image plane, it typically becomes blocky and jaggy” (Munzner, 2015). This is an 
interesting argument because, as I explain further in chapter three, Excel’s default 
design for many charts includes slanted text on the x-axis. When designing my human-
centered visualization, I positioned all text to be flat to avoid this misstep. Her rules of 




Chapter 3: Methodology 
In this section I describe the data sets used in this study and how I gathered them, how I 
designed the visualizations and the survey, how I selected participants and conducted 
the experiment, and how I analyzed the results. This methodology provides an overview 
of my research process from April 2020 until time of writing in April 2021.   
3.1 Data Collection 
After developing the questions that would drive this research, the next step of the 
process was to find relevant data sets to use in creation of the charts. I wanted to ask 
participants questions about their social-distancing and mask-wearing behavior, so the 
data needed to be evocative of their decision to mask and stay six feet apart from others. 
I looked for data sets related to case counts, masking, social-distancing, or any 
information connected with the pandemic.  
There were several challenges in finding a relevant and usable set. The sets 
needed to be publicly available so I would not need a license to visualize the data. They 
also needed to be in raw form so I could prepare the information for the visualization. 
Additionally, at the time of data collection in the early months of the pandemic, it was 
difficult to find publications related to COVID-19. However, I eventually found and 
investigated the provenance of a few data sets.  
In August, I found the New York Times’ “covid-19-data” repository on Github. 
This repository includes a “mask-use” dataset that contains estimates of mask usage by 
county in the United States based on results of a survey conducted by global data and 
survey firm Dynata (New York Times, 2020). Over 250,000 participants were asked, 




another person?” with the available responses as Never, Rarely, Sometimes, Frequently, 
and Always. These responses were obtained from July 2 to July 14, 2020.  
 
Figure 3.10 
“A Detailed Map of Who is Wearing Masks in the U.S.” by Josh Katz, Margot Sanger-
Katz, and Kevin Quely (2020). 
These data were freely available for public research use but showed surprising 
results. The data reflected high mask usage in places where cases were rising rapidly. 
For instance, on July 14 during the time of conducting the survey, Florida was entering 
its highest peak since the pandemic began with 9,100 new reported cases (New York 
Times, 2021), but the self-reported mask usage data reflected that the average 
probability one would encounter someone wearing a mask in Florida was 79.8% (New 
York Times, 2020). Public health experts would argue that with a large majority of 




I computed the average probability of encountering someone wearing a mask in 
Florida by assigning 0%, 25%, 50%, 75%, and 100% to Never, Rarely, Sometimes, 
Frequently, and Always, respectively, and adding the product of the frequency of each 
response with these percentages. The raw data and the visualization resulting from 
computing the probability of encountering someone wearing a mask in each county of 




Raw data from the mask usage file with each county FIPs code, response, and 
probability computation, sourced from the New York Times mask-usage data set 
(2020), and combined with the U.S. Census Bureau’s 2018 FIPs Codes to align each 











The probability of encountering someone wearing a mask in Florida in July 2020. Data 
sourced from the New York Times “covid-19-data” repository (New York Times, 
2020), and visualization created using Google Charts. 
These results led me to believe that respondents were self-reporting higher mask 
usage than their true mask-wearing behavior. The visualizations I produced using these 
data portrayed mask-wearing to have little or no effect on the rising cases of COVID-19 
across the nation, so I decided to find another set that would reflect a more compelling 
argument to practice social-distancing and mask-wearing protocols.  
I decided to use the Centers for Disease Control and Prevention’s (CDC) 
“United States COVID-19 Cases and Deaths by State Over Time” case surveillance data 
(CDC Case Task Force, 2021). This set includes the state, total cases, total deaths, new 
deaths, and the day the counts were recorded for each county in the U.S. This data 




research use, in raw form, and addressed the effects of social-distancing and mask-
wearing.  
3.2 Creating Visualizations 
The next step after finding this set was to clean and organize the information 
into a format ready for visualization. The data file contains over 27,800,000 rows and 
15 columns of information about case rate and death count. I separated the data into two 
sets: a daily overview of cases, and a cumulative overview of cases. I then separated the 
sets by state, and generated the following two visualizations: for the daily chart, I used 
information regarding submission date and new cases, whereas for the cumulative chart 
I used submission date and total cases. For both data sets, I narrowed in on Florida as 
the state to represent. I selected Florida because it had some of the highest reported 
cases in the country, and many of the outbreaks were happening on college campuses. I 
hoped a visualization of the rapid spread would make the most compelling argument to 
social distance.  
Once I organized the data, I was prepared to generate the visualizations. I 
initially started designing the visualizations using Google Charts, as seen in Figure 3.11 
above, but ultimately used Microsoft Excel for its diversity of design elements, the 
quality of PNG exports for charts, and the default colors, fonts, and line sizes that 
provide a common representation of data visualizations. I designed four total 
visualizations to test my hypothesis: human-centered daily and cumulative 
visualizations, and default daily and cumulative visualizations. I wanted to provide two 




I designed the default charts for the daily and cumulative set first, and then used 
that design as a starting point to build the equivalent human-centered chart. For the 
default visualization, my approach was to use the default settings for most of the chart’s 
design. I used Georgia for font since it is one of the most widely used fonts on the web 
(Rawsthorn, 2006), set the line width at 1.5 point for the daily chart and 3 point for the 
cumulative chart, and left the line color as the default light green. The numbers 
representing case counts were automatically placed to the left of the y-axis, so I left 
them there as well. Excel automatically places dates at a slanted angle, so I left them in 
this position.  
My approach to designing the human-centered charts was to improve or remove 
the aspects of the default chart that have been shown to negatively impact the 
comprehension and aesthetic appeal of the visualization. Based on Tufte’s guidelines 
for graphical excellence and Munzner’s rules of thumb, I made several changes to the 
font, color, lines, text, and positioning in the visuals. I widened the lines from 1.5 to 3 
point in the daily visual, and from 3 point to 6 point in the cumulative visual. I made the 
line a deep blue so that the graph would look the same if it were converted to black and 
white. This is so that any user, including those who are colorblind, could read the lines 
on the graph, and is a strategy suggested by Munzner in “Get it Right in Black and 
White” (2015). Furthermore, I flattened the dates on the x-axis, and put the timeline 
descriptions in black boxes to separate the marking lines from the text. I eliminated the 
tilted dates on the x-axis based on one of Munzner’s Rules of Thumb that argues “Tilted 
Text Isn’t Legible” (2015).  I also placed the digits along the y-axis to put them closer 




of a study supporting its readability on computer screens in a user survey with serif and 
sans serif typefaces (Wilson, 2001). All of these design choices were supported by 
Munzner and Tufte’s guidelines about generating effective visuals.  
3.3 Designing the Survey 
My goal for designing the survey was to ask questions that would measure the 
effectiveness of the visualization’s ability to represent the data, determine which 
visualizations were most pleasing to view, and gauge the respondent’s willingness to 
socially-distance and wear a mask before and after viewing the visualizations. I 
structured the questions around the four visuals (shown below), and organized the flow 
of the survey to present half of the participants one design of a visual with two total 
graphs, and the other half would view the alternative design with two total graphs. This 
meant that the participants would have a 50% chance of viewing the human-centered 
visuals or the default visuals. Before viewing the visualizations, they were asked 
questions about their social distancing behavior, during viewing they were asked about 
components of the data to measure their understanding, and after viewing they were 






Figure 3.3.1: Human-Centered Daily Cases Visualization 
Daily cases of COVID-19 across the state of Florida over March to December of 2020, 
created with a Human-Centered Design methodology.  
 
Figure 3.3.2: Default Daily Cases Visualization 
Daily cases of COVID-19 across the state of Florida over March to December of 2020, 





Figure 3.3.3: Human-Centered Cumulative Cases Visualization 
Cumulative cases of COVID-19 across the state of Florida from March to December of 
2020, created with a Human-Centered Design methodology.  
 
Figure 3.3.4: Default Cumulative Cases Visualization 
Cumulative cases of COVID-19 across the state of Florida from March to December of 





3.3.1 Structure and Question Design 
I decided to use Qualtrics for the survey platform for its professional design, 
data analysis and report capabilities, and familiarity with University of Oregon 
affiliates. I organized the questions in the following structure: survey information and 
consent statement, questions about social-distancing and mask behavior, identical 
questions to measure comprehension of the cumulative data for both the human-
centered and default visualizations, identical questions to measure comprehension of the 
daily data for both the human-centered and default visualizations, follow-up questions 
gauging the respondent’s future masking and social-distancing behavior, demographic 
questions, and then a debriefing form.  
I made a few key choices in constructing the response options in each question. 
For the appeal and behavior questions, I decided to offer participants a Likert scale with 
only four choices so that they must make a polar decision. This is to avoid respondents 
choosing to “sit on the fence” and select a null answer such as “Neutral” or “Unsure”. 
This allowed me to compare the responses between questions and charts, and compute 
significance of comprehension, appeal, and predictions about future behavior.  
Duration of the survey was an important consideration for how I posed each 
question. I kept all questions as multiple choice to keep the participant engaged and 
moving through the survey as fast as possible. The survey duration was limited to spans 
of 15-minute intervals due to the 0.25, 0.5, 0.75, and 1.0 credits offered to student 
researchers in the UO human subjects pool, so I needed to expedite all processes in the 
questionnaire with the way I framed the response choices. With all questions as multiple 




questionnaire would take approximately 10.3 minutes to complete. I extended the 
duration to 15 minutes so that participants would have ample time to finish the survey.  
All questions and survey materials can be found in the appendix for reference 
while reading this section.   
3.3.2 Social Distancing and Mask Behavior Questions 
My intentions for the mask usage and social-distancing questions were for the 
participant to actively reflect on their own behavior as they moved through the survey, 
and to measure their willingness to change their social-distancing behavior. For these 
questions, I asked about which behaviors the respondent has participated in over the last 
24 hours, for which of those activities they decided to wear a mask, and their 
comfortability participating in a variety of indoor and outdoor activities. I duplicated 
each of these questions so the participant would first reflect on their current behavior 
and later make a decision about their future behavior. To measure their willingness to 
change their behavior, I positioned these questions before and after the participant 
viewed the visualizations. An example of one set of these parallel questions regarding 






Question seven in the survey asks participants about how often they are physically 
interacting with others. After viewing the visualizations, participants are asked the same 
question again regarding their behavior over the next three days in question twenty-two. 
 
Figure 3.31 
Question twenty-two asks participants about their social distancing behavior over the 





For the participant to fully reflect on their behavior, I asked about several 
aspects of their daily life regarding COVID-19 safety protocols. The survey asked the 
participant for their estimation of how many people they had direct contact with outside 
of their own household, which included a definition of direct contact: “’Direct contact’ 
means a conversation lasting more than 5 minutes with a person who is closer than 6 
feet from you without either person wearing a mask.” I also asked for an estimation of 
how many people around the participant decided to wear a mask in public spaces when 
social distancing was not possible over the past three days, with a definition of social 
distancing: “’Social distancing’ means staying 6 feet away from those around you.’ 
After answering these questions, the participant would view the randomly selected 
design of visualization and answer the associated comprehension questions, and then 
view the same social-distancing questions regarding their future behavior afterwards.   
Mirroring the precursory and subsequent behavior questions allowed for the results to 
simulate the participant’s choice to social distance and mask in the future.  
3.3.3 Measuring Comprehension Questions 
To measure the effectiveness of the visualizations, I asked questions that would 
gauge the respondent’s comprehension of the data. I structured the questions to ask for 
identical information in both charts so I could compare participant comprehension rates. 
For instance, after viewing the human-centered or default visualization for daily case 
rates, the survey participant would be asked: “Which state is being represented?”, 
“What is the single highest recorded number of daily cases in Florida?”, and “On 





For the human-centered and default visualization for cumulative case rates, I 
asked for the same information but referred to a different date in the third question. 





Participants would first view the cumulative data set visualization, and then answer 
questions about which state is represented, the single highest number of recorded cases, 
and how many cases were recorded on July 7th. 
Figure 3.33 
After seeing the cumulative cases visualization, the participant would view the daily 
cases visualization and answer questions about which state is represented, the single 





Using the results of these questions, I could determine whether the respondent was truly 
participating in the survey, and whether they understood the information being 
displayed in the visual. 
3.3.4 Visual Appeal Questions 
After being asked about specific pieces of data in the visuals, I asked the 
participants about their personal preference and experience viewing the visualizations. I 
asked, “Complete the sentence: ‘Reading this chart was…’” with the Likert scale 
response of Very easy, Easy, Difficult, and Very difficult. I also asked, “Respond to the 
statement: ‘I enjoyed looking at this chart.’”, and “Respond to the statement: ‘I 
understand the information being portrayed in this graph,” with the responses Strongly 
agree, Somewhat agree, Somewhat disagree, and Strongly disagree. With these results, 
I was able to determine which visualizations were preferred and most pleasing to view.  
3.3.5 Demographic Questions 
In order to measure the effectiveness, appeal, and persuasiveness of my 
visualization across demographics, I asked questions referring to many areas of one’s 
identity. I asked each participant for their current ZIP code, if they have any known 
color blindness, their gender and age, if they are of Hispanic, Latino, or Spanish origin, 
their race, and the highest degree or level of school completed. The results of these 
questions allowed me to compare comprehension rates among younger versus older 
participants, female and male participants, and those with colorblindness and those 
without. Furthermore, knowing which demographic responded best to each 
visualization allowed me to predict how each graphic could be improved for specific 




3.4 Participant Criteria 
The survey was distributed through three main channels: the UO Human 
Subjects pool to students taking Psychology courses, posting the survey on my personal 
LinkedIn, Facebook, and GroupMe accounts, and by use of Amazon’s Mechanical 
Turk. Figure 3.41 shows the recruitment statement used to distribute the survey to UO 
Computer Science students. I used a sample size calculator (Creative research systems, 
2012) to determine the number of people I needed to participate in the survey. With a 
confidence level of 95% and a confidence interval of 5, I needed to reach 384 
participants. After the recruitment period through all three channels, I was able to gather 
427 responses.  
Credit allocation affected the number of people I was able to recruit to take the 
survey. The UO human subjects pool (UOHSP) participants taking a psychology course 
must participate in 5 credit hours of research. Since I described the survey to have a 
duration of 15 minutes, I offered 0.25 credits to each student. While I predicted the 
short duration would increase the number of participants, the UOHSP only contributed 
one participant to my overall sample. Many of the surveys and experiments posted on 
the UOHSP site offer more credits to students, which may have negatively impacted my 
ability to recruit respondents. I had greater success recruiting participants using my 
personal social media and offering payment to workers on Mechanical Turk.  
Using my personal social media as a distribution method was a successful tactic 
in recruiting participants. I posted a statement asking viewers to take the survey on my 
Facebook, LinkedIn, and sent a private message to the Oregon Consulting Group, of 




UOHSP, the survey results show that I was able to recruit 111 participants over the span 
of a month using this method. This is an interesting finding because I offered no reward 
for taking the survey, which leads me to believe that familiarity with the person 
distributing the survey has a positive effect on participant size. I continued this positive 
recruitment trajectory when I distributed the survey on Mechanical Turk.   
I was able to recruit the largest number of participants from Amazon’s 
Mechanical Turk platform. Amazon’s Mechanical Turk offers researchers access to a 
pool of workers that receive small payments for each Human Intelligence Task (“HIT”) 
they complete. These HITs are often transcribing receipts, reading documents, and 
taking surveys. Thanks to funding from my advisor, I was able to offer participants 
$3.75 for completing the single HIT of my 15-minute survey—an equivalent of $15 an 
hour. I decided to offer this amount after reading an article from the Atlantic (Semuels, 
2018) about how little Mechanical Turk workers earn. The worker interviewed in the 
article shared that she made an average of $4 to $5 an hour from her participation in 
these tasks (Semuels, 2018). With this payment, I was able to receive 275 responses 
within 9 hours.  
3.5 Data Analysis  
My null hypothesis is that the design method used in generating the visualizations 
has no effect on comprehension of data, aesthetic appeal of the chart, or willingness to 
social distance. My alternative hypothesis is that participants who view charts generated 
using a human-centered approach will show higher rates of data comprehension, 
aesthetic appeal, and willingness to social distance than those who viewed the default 




was more effective in each demographic of respondents. For all of my analyses, I 
computed a confidence interval of the difference between proportions. This means that I 
compared the difference between each response coming from pre- and post-
visualization questions, and determined if that difference were larger than the critical 
value associated with p-value of .05. If it was larger than .05, then the result was 
statistically significant, and I could reject the null hypothesis and accept the alternative 
hypothesis for that question.   
In order to determine how many participants of each demographic were viewing the 
HCD visualizations, I filtered the results based on whether every default visualization 
question was empty. The set of visualization questions associated with the default 
visualizations would only be empty if the participant had not been presented with them. 
This leaves the set of participants who were presented the opposite visualizations—in 
this example, the human-centered visualizations. After splitting the respondents based 
on this filter, I had a new set of respondents and needed to determine the new 
confidence interval for the size of the set using an interval calculator (Creative research 
systems, 2012) for a confidence level of 95%.  
In order to measure the effectiveness of each visualization, I analyzed the rates of 
correct responses, the rates of appeal based on the Likert scale responses, and the 
difference in social-distancing behavior and masking after viewing the visualizations. I 
started by computing the confidence interval for each demographic sample size, and 
compared the responses between the two designs. For instance, the entire sample 
contained 427 participants which corresponds to a confidence interval of +/- 4.74% with 




56 which corresponds to a confidence interval of +/- 13.1% with the same confidence 
level (Creative research systems, 2012).  
For Likert scale responses, I added the rates of “Very comfortable” and 
“Comfortable”; “Very uncomfortable” and “Uncomfortable”; “Strongly agree” and 
“Agree”; “Strongly Disagree” and “Disagree”; “Very easy” and “Easy”; and “Very 
difficult” and “Difficult” together to compare the results using the confidence interval 
for each set. Each of the categories of responses sum to 100%; e.g., the response rates of 
“Very comfortable”, “Comfortable”, “Very uncomfortable”, and “Uncomfortable” 




Chapter 4: Results 
This research was motivated by the questions posed in Chapter One: Why use a 
human-centered design approach to creating visualizations? Can visualizations be clear, 
and convincing enough to change people’s behavior after looking at them? What is the 
best way to present visualizations of data for maximum human-understanding? 
Ultimately, my study answered the question: which method of visualizing COVID-19 
case data will result in the highest number of responses showing a willingness to 
continue social-distancing and mask-wearing behavior, or change their behavior if not 
doing so? In this chapter I will provide a breakdown of the survey results, including an 
analysis of each sample of participants. I will go through each section of the survey to 
address my research questions, and determine if my hypothesis was supported. The 
legend showing the categories of each of the questions is shown below in figure 4.10. 
 
Figure 4.0: Question Legend 
Legend shows each category associated with the questions. The numbers associated 





4.1 Participant Demographic 
The demographic breakdown of the 392 survey participants is based on a few 
categories: ZIP code, color blindness, age, gender, ethnic background, and education. 
Analysis of the ZIP code entries show that participants, at the time of taking the survey, 




Participants were asked to enter their current ZIP code, which resulted in codes across 
38 states.  
4.1 Overview of Entire Sample 
There were 392 responses for the entire sample of survey participants. The 
participants can be split into two groups based on the visualizations they viewed: those 




designs. The sample was evenly split with 196 HCD participants and 196 default 
participants.  
The social-distancing and masking questions, Q62, Q63, Q97, and Q130, were 
posed in order for the user to reflect on their own masking and social-distancing 
behavior, and prime them for future questions about COVID-19. The results of these 
questions show that respondents are going to a grocery store, a pharmacy, work, or 
school, spending time with people the respondent does not live with, or exercising 
outdoors most frequently. Of those activities, they are wearing a mask most often when 
they go to a market or pharmacy--28.15% of the time. Somewhat surprisingly, 
respondents are wearing a mask most infrequently on public transportation--5.53% of 
the time. On average, participants reported having direct contact with 8.58 people at 
work or school, 8.9 people at a grocery store or pharmacy, 8.94 people at social 
gatherings, and 7.93 people during other activities. Across many demographics 
including this set of all participants, results did not show increases in comfortability for 
exercising, whether indoors or outdoors. All these activities regarding comfortability are 
related to how the respondent feels participating in these activities in general, with no 
assumption of wearing or not wearing a mask, to measure whether there was an impact 
of viewing the visualizations on their willingness to participate in these activities. 
Respondents reported that the people around them chose to wear masks “All of the 
time” at a rate of 34.78%, and “Most of the time” at a rate of 37.92%. 
The pre-visualization behavior questions, Q93, Q98, and Q131, all ask the 
respondent about their current mask-wearing and social-distancing behavior. The post-




to future masking and social-distancing behavior. These questions are used to measure 
the participant’s willingness to change their behavior after viewing the visualizations. 
Results from the questions prior to viewing the visualizations show that 63.63% of 
respondents reported that they felt comfortable going to work or school in the past two 
weeks. After viewing the visualizations, participants reported that they feel 71.51% 
comfortable in the same setting when every person is wearing a mask—an increase of 
7.88%.  
Results from the remaining four pre- and post- visualization questions also show 
significant increases in comfortability across activities. Participants said they felt 
comfortable going to a bar or restaurant in the past two weeks 47.38% of the time, but 
reported they feel comfortable 56.01% of the time when every person is wearing a 
mask—an increase of 8.63%. Similarly, respondents showed an increase in their 
comfortability rating in every activity aside from exercising outdoors.  
For the set of comprehension questions asked while viewing the visualizations, 
the results show that for Q161 and Q162, there is a difference between the accuracy of 
responses for the human-centered design and default charts, with the daily default chart 
receiving 81.38% correct responses, and the daily HCD receiving 72.82% correct 
responses—a difference of 8.56%. The remaining three questions in this block have 
participants rate readability and preference of the visualization they viewed. On Q66 
and Q124, the cumulative default chart was rated as easiest to read, with a response rate 
of 89.8% for the cumulative default visual, and 81.63% for the cumulative HCD visual. 




visual said they enjoyed looking at the chart, whereas only 75.39% of those who viewed 
the cumulative HCD chart said they enjoyed it.  
4.2 Age 
For this demographic, I split the age groups of participants on those who are 18 to 34 
years old, and those who are 35 years or older.  
4.2.1 Ages 18-24  
There were 221 responses for the set of 18-to-34-year old’s. Recall that the pre-
visualization behavior questions, Q93, Q98, and Q131, all ask the participant about their 
current mask-wearing and social-distancing behavior. The post-visualization behavior 
questions, Q71, Q100, and Q142 ask identical questions but refer to future masking and 
social-distancing behavior. Results from Q93 and Q71 reflect an increase of 7.54% in 
overall comfortability going to work or school after viewing the visualizations. 
Similarly, respondents showed an increase in comfortability when going to a market or 
pharmacy; a bar, restaurant, or café; attending an event with more than ten people; using 
public transit; and exercising in a fitness facility. For question 98 and 100, which ask 
about how often the participant will wear a mask, the respondents reported they were 
“always” wearing one with a frequency of 53.39% before the visualization, and a 
frequency of 63.80% afterwards—an increase of 10.41%.  
For the set of comprehension questions asked while viewing the visualizations, 
results show that for Q135, Q161, Q136, and Q162, there is a statistically significant 
level of difference between the accuracy of responses for the human-centered design 
and default charts, with the daily default chart receiving 82.88% correct responses over 




HCD chart received 83.64% correct responses, a jump over the cumulative default chart 
that received 68.47% correct responses.  
For the questions regarding readability and visual appeal, results reflect that 
participants enjoyed looking at the cumulative default chart most frequently. When 
asked “Respond to the statement: ‘I enjoyed looking at this chart.’”, 85.59% of 
participants who viewed the cumulative default chart responded “agree”, whereas only 
78.18% of participants responded “agree” for the cumulative HCD chart.   
4.2.2 Ages 35+  
For the group of participants 35 years or older, there were 148 responses. The pre-
visualization behavior questions reflect an increase in level of comfortability for 
participants when going to work or school; going to a market or pharmacy; going to a 
bar, restaurant, or café; spending time with someone they are not staying with; attending 
an event with more than ten people; and using public transit. There was no difference 
between comfortability levels in exercising in a fitness facility or exercising outdoors 
before and after viewing the visualizations. For Q98 and Q100 about mask usage, 
respondents reported that they would wear a mask “frequently” 15.54% of the time 
prior to viewing the visualization, which increased to a rate of 25.00% after viewing the 
visualizations. 
For the set of comprehension questions asked while viewing the visualizations, 
the results show that respondents correctly answered the daily HCD chart most 
frequently, but rated the cumulative default chart as easiest to read. In Q164, the daily 
HCD visualization received 65.38% correct responses, whereas the daily default 




participants rated the cumulative default chart as “easy” with 90% frequency, whereas 
the cumulative HCD chart only received “easy” for 75.64% of the responses.  
4.3 Gender 
The survey results reflect a gender split of 38% female, 61% male, and 1% other 
participants. In this section, I will report the results of the female and male 
demographics.   
4.3.1 Female Participants 
There were 140 responses from female participants. Results from the pre-visualization 
behavior questions reflect that female participants were less persuaded by the 
visualizations regarding comfortability in comparison to the demographics analyzed 
above. Participants showed an increase in comfortability before and after viewing the 
visualizations in regards to going to a market or pharmacy; spending time with someone 
they are not staying with; attending an event with more than ten people; and using 
public transit. There was no meaningful difference reported in levels of comfortability 
regarding going to work or school; going to a bar, restaurant, or café; exercising in a 
fitness facility; or exercising outdoors. For questions 98, 100, 131, and 142, there was 
no meaningful difference between willingness to wear a mask or intentionally avoid 
contact with others before and after viewing the visualizations.  
The results of the comprehension questions for female participants show a mix 
of both the default and HCD visualizations in terms of comprehension and readability. 
For Q161 and 162, there is a level of difference between the accuracy of responses for 
the human-centered design and default charts, with the daily default chart receiving 




responses. Furthermore, the cumulative HCD visualization received 77.33% correct 
responses in Q136, where the cumulative default chart received 66.15% correct answers 
in Q135. The other comprehension questions in this block did not show a meaningful 
difference in accuracy of responses. In terms of readability, participants rated the 
cumulative default chart as “easy” 90.77% of the time, whereas the cumulative HCD 
visualization only received 74.67% “easy” responses. The other questions regarding 
enjoyment of looking at the chart and understanding the information being portrayed 
did not reflect meaningful differences between the HCD and default charts.  
4.3.2 Male Participants 
There were 228 responses from male participants. The pre-visualization behavior 
questions reflect that male respondents reported increased levels of comfortability in 
more activities after viewing the visualizations in comparison to the female participants. 
The results of Q93 and Q71 reflect that male participants showed increases in comfort 
levels when asked about going to work or school; going to a market or pharmacy; going 
to a bar, restaurant, or café; attending an event with more than ten people; and using 
public transit. Results reflected no meaningful differences between the level of 
comfortability spending time with someone they are not staying with; exercising in a 
fitness facility; or exercising outdoors.  
For question 98 and 100, which ask about how often the participant will wear a 
mask, the respondents reported they were “always” wearing one 47.37% of the time 
before viewing the visualization, but reported being willing to wear one “always” 




reflected no meaningful differences between the extent to which participants avoid 
contact with others before and after viewing the visualizations.  
The results of the comprehension questions for the male participants show that 
the default charts had the highest rates of comprehension, readability, and visual appeal. 
For Q161 and Q162, there is a level of difference between the accuracy of responses for 
the human-centered design and default charts, with the daily default chart receiving 
82.76% correct responses, where the HCD received 75.89% correct responses. On Q163 
and Q137, the cumulative default chart received 68.10% correct responses, whereas the 
cumulative HCD chart received 60.71% correct responses—a difference of 7.39%.  On 
Q134 and Q137, participants answered the questions associated with cumulative default 
chart correctly at a rate of 68.10%, whereas the participants who viewed the cumulative 
HCD chart responded correctly at a rate of 60.71%. Respondents who viewed the 
cumulative default chart responded “agree” at a rate of 85.35% to the question asking 
about enjoyment of looking at the chart, whereas the respondents who viewed the 
cumulative HCD selected “agree” at a rate of 74.77%. Similarly, participants agreed 
that the daily default visualization was enjoyable to look at with a rate of 79.31%, 
where the daily HCD received “agree” for only 71.98% of the responses. There was no 
meaningful difference between comprehension of the state being represented, or ratings 
of understanding the information being portrayed or readability of the visualization. 
4.4 Colorblindness  
For this demographic of respondents, I separated the group into two sections: those with 
any form of color-blindness, and those with no colorblindness. I will provide an 




4.4.1 Colorblind Participants 
There were 56 responses from individuals who responded that they were Red-Green, 
Blue-Yellow, or completely colorblind.  
 The results of the pre-visualization behavior questions reflect little differences 
between those who viewed the HCD visualization and the default visualization. For 
Q93 and Q71 asking about activities the respondent is comfortable participating in, 
there were no meaningful differences between levels of comfortability before and after 
viewing the visualizations. In Q98, which asks about how often the individual wears a 
mask before viewing the visualization, respondents answered “sometimes” at a rate of 
37.50%, whereas after viewing the visualizations, they reported “sometimes” at a rate of 
21.43%--a decrease of 16.07%. In Q131 and Q142, participants selected that they 
intentionally avoid contact with others “most” of the time at a rate of 37.5% before 
viewing the visualizations, and at a rate of 55.36% after viewing the visualizations—an 
increase of 17.86%.  
The results of the comprehension questions for the colorblind (RG, BY, and 
complete) participants show that on Q135 and Q136, the cumulative HCD chart 
received 60% correct responses and the cumulative default chart received 30.77% 
correct responses—a difference of 29.23%. Furthermore, on question 163 and 164, the 
daily default chart received 38.46% correct responses, whereas the daily HCD chart 
received 53.33% correct responses.  
For the questions about readability, visual appeal, and understanding 
information being portrayed, the default visualization was rated highest overall. The 




HCD chart that received “easy” at a rate of 86.67%. Regarding visual appeal, 
participants reported that they enjoyed looking at the daily default visualization at a rate 
of 96.15%, whereas the daily HCD visualization received 79.31% of responses 
corresponding to enjoyment. In response to the questions 139 and 138 that ask about 
understanding the information being portrayed, participants who viewed the cumulative 
default visualization selected “agree” 100% of the time, whereas participants who 
viewed the cumulative HCD visualization selected agree 86.66% of the time. Although 
the comprehension rates for the HCD designed visualizations are significantly higher 
than the default visualizations, the colorblind participants rated the default designs as 
more appealing and easier to comprehend.  
4.4.2 Non-Colorblind Participants 
There were 313 participants who responded that they have no form of colorblindness. 
The results of the pre-visualization behavior questions reveal that participants reported 
increased levels of comfortability in nearly every activity before and after viewing the 
visualizations. Respondents showed an increase in levels of comfort when going to 
work or school; going to a market or pharmacy; going to a bar, restaurant, or café; 
spending time with someone they are not staying with; attending an event with more 
than ten people, and using public transit. Like many other demographics in this chapter, 
there was no meaningful difference between levels of comfortability when exercising in 
a fitness facility or outdoors before and after viewing the visualizations.  
Results from the questions about social-distancing and mask behavior reflect an 
increased willingness to wear a mask before and after viewing the visualizations. Before 




56.23%, but responded that they would “always” wear a mask in the next three days at a 
rate of 62.30%. Furthermore, participants also responded that they are intentionally 
avoiding contact with other people “all” of the time at a rate of 23.32% before viewing 
the visualization, but responded they would avoid contact with others “all” of the time 
in the next three days at a rate of 29.71%. 
The results of the comprehension questions reflect that the default visualizations 
received the highest rate of correct responses overall. In question 161 and 162, 
participants viewing the daily default visualization answered correctly at a rate of 
85.81%, while those who viewed the daily HCD visualization answered correctly at a 
rate of 77.85%. The results of the remaining comprehension questions reflect that there 
is no meaningful difference between the comprehension rates of participants who 
viewed the HCD visuals and those who viewed the default visuals.  
Participants reported that the cumulative default visualization was easiest to read 
and most enjoyable to look at overall. In question 66, participants rated the cumulative 
default chart as “easy” to read at a rate of 89.03%, whereas the cumulative HCD 
visualization was rated “easy” to read at a rate of 80.38%. Furthermore, participants 
reported that they enjoyed looking at the cumulative default chart at a rate of 81.94%, 
where participants responded that they enjoyed viewing the cumulative HCD 




Chapter 5: Discussion and Recommendations 
I will now discuss the above results, provide recommendations for producing effective 
visualizations, and offer ways to improve this research in future work.  
5.1 Producing Effective Visuals 
The results of the survey do not provide sufficient evidence to reject the null hypothesis, 
and suggest that there is room for improvement in the human-centered design process 
for producing visualizations. Across participant demographics, the human-centered 
designs were not shown to be significantly more effective or compelling than the 
default designs. In the cases of female, male, 18-34, 35+, and non-colorblind 
participants, the default designs had higher rates of comprehension, readability, and 
visual appeal.   
There are a few potential factors as to why participants did not respond to the 
HCD visualizations with a higher rate of comprehension than the default visualizations. 
One factor is the tool I used to generate the visualizations. I decided to produce the 
visualizations using Microsoft Excel for its diversity of design elements, the quality of 
PNG exports for charts, and the default colors, fonts, and line sizes that provide a 
common representation of data visualizations. While this did provide an adequate 
foundation for producing the default visualizations, it was not effective in creating a 
human-centered design distinct from the default visualization. Excel uses slanted labels 
on the x-axis as the default design for their charts, despite Munzner’s specific guidance 
against this positioning, yet this did not seem to prevent users who were presented these 
labels from successfully reading the graphs. The elements of the visualizations were not 




of the data. If I had chosen to generate the visualizations using more extensive 
technology, like D3.js, R, ArcGIS, or Python’s datascience library, I could have 
produced interactive visualizations supported by Tufte and Munzer’s recommendations 
that may have commanded the attention of my participants more effectively. 
Another factor that contributed to these results is the testing environment of this 
survey. Due to this being a COVID-19 constrained virtual study, I could not enforce the 
device that they used to view the visualizations. Although my consent statement asked 
participants to use a laptop, desktop computer, or tablet, many of them could have been 
taking the survey on their phone. This variation of device sizes contributes to variation 
in the participant’s ability to comprehend the visualizations. If this were an in-person 
study, all participants would take the survey on the same device so I could ensure that 
they viewed identical visualizations.  
5.2 Changing Public Behavior 
One component that affected willingness to change behavior is the timeliness of 
the datasets. My visualizations were produced in late December 2020, and the survey 
was not approved by the IRB until February 18, 2021. In December, the US was 
reaching some of its highest counts of new reported cases of the entire pandemic (The 
New York Times, 2021). By the time participants were taking the survey in February 
2021, COVID cases had dropped and the risk of infection may have been perceived as 
diminishing. The rate of decline in cases could have impacted the way participants view 





5.3 Future Research 
It is important to note some ways that this research could be improved for future study. 
There are several components of my research process that I would have changed if I had 
the opportunity to conduct this study again: generating interactive visualizations, 
dividing participants based on different data sets, designing the survey for use with 
Mechanical Turk, and completing more comprehensive statistical analysis.    
 In future work, I suggest researchers use more effective technology to produce 
interactive visualizations. As I mentioned in Chapter One, the visualization that inspired 
this research was an interactive article from the New York Times about the spread of 
water droplets from a person’s sneeze. My lack of expertise in dynamic visualization 
generation and decision to use Excel limited my ability to produce these types of 
visuals. It would be interesting to see how D3.js, Python libraries, and R could be used 
to generate interactive visualizations that meet more of Tufte and Munzer’s guidelines. 
This would result in visualizations that are significantly different than the default 
designs I produced with Excel, and may lead to higher rates of comprehension and 
willingness to change behavior.  
 It would be valuable to modify this survey to divide participants based on the 
ordering of the HCD and default designs, rather than the daily and cumulative data sets. 
I would show the participant the default images first, ask them questions to measure 
their understanding of the data, and then show them the human-centered design with the 
same questions from the first block. The results from this modified survey would show 




the preference questions from the original survey, then it would also be a more accurate 
measure of which visuals were more pleasing to view.  
 Researchers should take advantage of Amazon’s Mechanical Turk to distribute 
their online surveys, but be very intentional about the way they design the question set 
to capture and verify completion. Mechanical Turk recommends that those posting their 
surveys with Qualtrics should track their responses by either generating a unique code 
for the worker to upload to Amazon, or by entering their WorkerID directly into the 
survey itself. I chose to have the survey generate a random ID number to each 
participant. Although I followed the appropriate steps suggested by MTurk, several 
workers entered false ID numbers into Amazon and did not truly complete the survey. 
Because I didn’t ask for any information from the workers, verifying that each worker 
had completed the survey involved comparing every random ID from Qualtrics with the 
random ID from Amazon. Furthermore, the survey was not closed for distribution in 
other sources, so there were several participants presented with a random ID that were 
not associated with Amazon. The verification process took a significant amount of time 
and prevented me from filtering the results on those from Mechanical Turk and those 
who were not. If I had asked the participants to enter their WorkerID, then I could have 
verified their response and successfully filtered results based on this value. My 
recommendation for survey designers is to ask participants for their WorkerID to avoid 
a lengthy verification process.  
Future work in this area should include more comprehensive analysis of the 
survey results using an ANOVA test, Pearson’s chi-squared test, and a two-sample t-




from completing these analyses, but would highlight variation within the data that I did 
not present. The ANOVA test would determine whether the survey results are 
significant, especially among the questions that involved Likert scale responses. 
Pearson’s chi-squared test provides an evaluation of categorical data with likelihood 
that any observed difference between the sets arose by chance. This would provide a 
more in-depth analysis of the comprehension questions to see which visualizations are 
more effective. The t-test determines if there is a significant difference between the 
means of two groups, and would be most effective in analyzing the questions about 
comfortability in participating in different activities. 
With these statistical tests, I propose that researchers continuing this work also 
take advantage of the many demographic questions asked in this survey, and separate 
the participant pool using other filters. If I had time, I would conduct analyses of 
college and non-college educated, white participants and participants of color, 
Mechanical Turk workers and those not working for Mechanical Turk, and participants 





In summary, the results of this survey do not reject the null hypothesis. This 
means that there is no difference between the effectiveness of my human-centered 
design approach and the default design approach. However, one could draw from the 
results of this study that presenting participants with visualizations related to public 
health have the power to compel them to reconsider their future behavior. There are 
many ways to expand this research to determine the best way to visualize data for it to 
be more persuasive, effective, and pleasing to view, but this study provides a foundation 








Amazon Mechanical Turk: Amazon Mechanical Turk is a crowdsourcing website for 
businesses to hire remotely located "crowdworkers" to perform discrete on-demand 
tasks that computers are currently unable to do. It is operated under Amazon Web 
Services, and is owned by Amazon. (Wikipedia Contributors, 2019) 
 
Comprehension: the capacity for understanding fully (Definition of 
COMPREHENSION, n.d.) 
 
Data visualization (data vis): Models that provide visual representations of datasets 
designed to help people carry out tasks more effectively (Munzner, 2015).  
 
Direct contact: A conversation lasting more than five minutes with a person who is 
closer than 6 feet from you without either person wearing a mask. 
 
Graphical excellence: Tufte’s guidelines for producing effective visualizations as 
written in The Visual Display of Quantitative Information. See chapter 2.4 about current 
methods in human-centered design.  
 
Human-Centered Design (HCD): An approach to problem solving, commonly used in 




the human perspective in all steps of the problem-solving process (Wikipedia 
Contributors, 2019). 
 
Human-subjects research: Research involving "a living individual about whom an 
investigator (whether professional or student) conducting research: bbtains information 
or biospecimens through intervention or interaction with the individual, and uses, 
studies, or analyzes the information or biospecimens; or obtains, uses, studies, analyzes, 
or generates identifiable private information or identifiable biospecimens (Definition of 
Human Subjects Research | grants.nih.gov, n.d.). 
 
Institutional Review Board (IRB): Under FDA regulations, an Institutional Review 
Board is group that has been formally designated to review and monitor biomedical 
research involving human subjects. In accordance with FDA regulations, an IRB has the 
authority to approve, require modifications in (to secure approval), or disapprove 
research. This group review serves an important role in the protection of the rights and 
welfare of human research subjects (Center for Drug Evaluation and Research, 2019). 
 
Repository: This is a folder where files are stored inside a project on Github, a version 
control platform.  
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Figure SM6: Q98 
 





Figure SM8: Q50 / Q165 / Q122 / Q166 
 
Figure SM9: Q135 / Q136 
 





Figure SM11: Q66 / Q170 / Q124 / Q173 
 





Figure SM13: Q139 / Q172 / Q138 / Q175 
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Figure SM17: Q100 
 
Figure SM18: Q142 
 





Figure SM20: Q88 
 





Figure SM22: Q55 
 










Figure SM25: Q58 
 
Figure SM26: Random ID 
Recruitment Statement 
The following statement was posted during the recruitment stage of my survey 
distribution. I sent the statement with a link to the survey on LinkedIn, Facebook, and 




not attached to the distribution post on Mechanical Turk because Amazon’s system put 
the link in their catalog independently.  
Hello! My name is Stephanie Schofield, and I’m a senior Computer 
Science student in the Clark Honors at the University of Oregon. I am 
conducting research about the effectiveness of data visualization 
methods using COVID-19 case data. The research is conducted in a 
survey that should take about 15 minutes. This study has been reviewed 
by an independent institutional review board, and is not expected to pose 
a risk to you. You are eligible to participate in the survey if you are at 
least 18 years old, and have the ability to take the survey on a laptop, 
desktop computer, or tablet. If you choose to participate, your responses 
will remain strictly anonymous. Any data which is presented will be 
reported in aggregate.  
 
Link to survey: 
https://oregon.qualtrics.com/jfe/form/SV_dmbWguXGatb5Ekl  
 
Your input is very important, and will help us understand how to create 
visualizations that are clear, impressionable, and have lasting effects on a 
person’s behavior. If you have any questions, please feel free to contact 
me: sschofie@cs.uoregon.edu. Thank you for your time! 
Survey Information Statement 
The following statements were attached at the beginning of the survey and introduced 
the survey’s purpose and scope. There were two statements prepared: one for 
Mechanical Turk participants, and the other for UO students and those not associated 
with Amazon. For live or in-person human-subject research, a consent statement is 
required in order to maintain ethical research practices according to the Declaration of 
Helsinki (World Medical Association, 2014). However, remote survey human-subject 
research requires a survey information statement. Writing and including this statement 




approval from the UO Institutional Review Board (IRB). The statement for UO students 
and non-MTurk Workers reads:  
This voluntary survey is part of a research study led by Stephanie 
Schofield at the Robert D. Clark Honors College and University of 
Oregon Computer Science department. Your responses will help us 
understand how to produce effective visualizations for public health 
data.  
  
This survey is intended to take roughly 15 minutes to complete, 
and must be taken on a laptop, desktop computer, or tablet. The 
survey questions do not request any unique or personally identifiable 
information about you and your answers to all questions will remain 
confidential. 
  
Your responses may be shared with other researchers studying data 
visualization and human-computer interaction. We may also publish 
aggregate tables of results for public research use. Results published will 
be in aggregate and will not identify individual participants of their 
responses. There are no foreseeable risks in participating and no 
compensation is offered. 
 
If you are taking this survey as a worker on Amazon’s Mechanical Turk, 
you will be paid $3.75 for your participation. The survey should not take 
longer than 15 minutes.  
 
If you are taking this survey as a SONA participant, you will be awarded 
0.25 credits for your participation. If you choose to discontinue 
participation in this survey at any point after clicking through this 
consent page, you will receive 1/4 credit for each 15 minutes of 
participation, rounded up to the next 15 minutes. For example, if you 
complete 1-15 minutes you will receive 1/4 credit, if you complete 16-30 
minutes you will receive 1/2 credit, and so on. If you discontinue 
participating in the middle of the study, contact the listed researcher to 
receive partial credit. This research was reviewed by the University of 
Oregon Institutional Review Board. 
 
Your participation is voluntary. Your decision whether or not to 
participate will not affect your relationship with the UO Psychology 
Department or the UO Linguistics Department. If you decide to 




participating at any time without penalty. The Psychology and 
Linguistics Departments have established alternative assignments for 
students who do not wish to participate as research subjects. Please see 
your instructor if you would rather complete an alternative assignment. 
  
If you have any questions, please contact Stephanie Schofield at 
sschofie@cs.uoregon.edu. 
 
The statement for MTurk Workers reads: 
 
This voluntary survey is part of a research study led by Stephanie 
Schofield at the Robert D. Clark Honors College and University of 
Oregon Computer Science department. Your responses will help us 
understand how to produce effective visualizations for public health 
data.  
 
This survey is intended to take roughly 15 minutes to complete, and must 
be taken on a laptop, desktop computer, or tablet. The survey questions 
do not request any unique or personally identifiable information about 
you and your answers to all questions will remain confidential. 
 
If you are taking this survey as a worker on Amazon’s Mechanical Turk, 
you will be paid $3.75 for your participation. If you decide to participate, 
you are free to withdraw your consent and discontinue participating at 
any time without penalty. 
 
Your responses may be shared with other researchers studying data 
visualization and human-computer interaction. We may also publish 
aggregate tables of results for public research use. Results published will 
be in aggregate and will not identify individual participants of their 
responses. There are no foreseeable risks in participating. This research 
was reviewed by the University of Oregon Institutional Review Board. 
 
If you have any questions, please contact Stephanie Schofield at 
sschofie@cs.uoregon.edu 
Charts 
There were four visualizations that participants could potentially view while taking the 




COVID-19 across the state of Florida from March 1 to December 19, 2020. The two 
datasets were represented in the form of two separate line charts. Each of the two charts 
for the respective datasets were created using a Human-Centered Design (HCD) 





Figure C1: Human-Centered Daily Cases Visualization 
Daily cases of COVID-19 across the state of Florida over March to December of 2020, 
created with a Human-Centered Design methodology.  
 
Figure C2: Default Daily Cases Visualization 
Daily cases of COVID-19 across the state of Florida over March to December of 2020, 
created using a default approach. 
Participants had a 50% chance of viewing either the HCD or the default visualizations, 





Figure C3: Human-Centered Cumulative Cases Visualization 
Cumulative cases of COVID-19 across the state of Florida from March to December of 
2020, created with a Human-Centered Design methodology.  
 
Figure C4: Default Cumulative Cases Visualization 
Cumulative cases of COVID-19 across the state of Florida from March to December of 







The following statement was attached to the last block of the survey to inform the 
participant of what the survey is measuring. This debriefing is another important aspect 
of conducting ethical human-subjects research.  
Thank you for your participation! 
  
Background: Today’s study examined the correlation between 
comprehension of data visualizations and willingness to wear a mask and 
social distance. While a lot of research is done into the efficacy of 
charting public health data, there isn’t as much research about how these 
charts affect people’s behavior after viewing them.  
  
Purpose of this study: We hope to determine which kinds of charts are 
most impressionable, clear to understand, and have lasting effects on a 
person’s behavior. These results will help data visualization researchers 
create more effective graphics for people to understand large, important 
data sets. Furthermore, we hope this survey showed participants the risks 
posed from not wearing a mask, and leads to a higher rate of social-
distancing and mask-wearing behavior in young adults most prone to 
spreading Coronavirus.  
   
Your part: The part you play in this research is very important! Just 
giving us an idea of which visualizations were difficult or easy to read, 
some of your social distancing behavior, and your willingness to 
continue or change those habits will provide great insight. Thank you for 
contributing your valuable time to this survey today.  
  
Feedback and further information: If you have additional questions 
about this study, please feel free to ask the experimenter, Stephanie 
Schofield at sschofie@cs.uoregon.edu, 541-704-8191, or her advisors, 
Nicole Dudukovic, ndudukov@uoregon.edu, Department of Psychology; 
Joe Sventek, jsventek@uoregon.edu, Department of Computer Science. 
If you have any questions concerning your rights as a research 
participant, please contact Research Compliance Services, 5237 
University of Oregon, Eugene, OR 97403, 541-346-2510, or email 
ResearchCompliance (at) uoregon.edu. You can also email the Human 





Notice of Amendment Review and Exempt Determination 
 
Figure N1: IRB Exempt Determination 
Initial IRB Exemption for the study was received on February 18, 2021, and allowed 





Figure N2: IRB Amendment Review 
The IRB approved my amendment application to use Amazon’s Mechanical Turk on 
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